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 The purpose of this paper is to analyze financial time series comprised of 1 second resolution share 
prices in the frequency domain in order to ascertain the existence of high-frequency periodic behavior in 
these time series. Intraday trading data corresponding to certain stocks and dates was used to calculate 
the Fourier transforms corresponding to each series, and the statistical significance of the peaks found 
was determined through comparison to several iterations of brown noise paths and their confidence 
bands.
Introduction
The purpose of this paper is to determine whether there are periodic components in share prices on 
a high-frequency, intra-day basis. This is done by means of Fourier transforms, which express a signal, 
such as a sequence of trades, as a sum of the frequencies that compose the signal weighted by how 
strong they are. By comparing sequences of trades to noise, confidence bands can be established and 
any points in the transform that fall outside of those are likely to be statistically significant, meaning that  
they are the periodic components we are searching for.
Fourier transforms are very popular in the engineering fields, particularly in signal theory, but it is  
uncommon to find them in use in the Economics and Finance fields.The hope is that this paper will bring 
some insight into how stock prices behave over extremely short amounts of time.
The results of this work showed that there was evidence supporting the presence of periodic 
components in the prices of stocks. Statistically significant FFT peaks were found across the whole 
spectrum of frequencies, stocks and trading days. In particular, the day of July 23 rd, 2012, showed a 
particularly large amount of periodicity possibly related to the large losses experienced globally as a 
result of the European Sovereign Debt crisis.
The rest of this paper is organized as follows: Section 2 will review related literature,section 3 will  
present the model and data,section 4 will conduct the empirical analysis, and lastly, section 5 will  
provide the conclusion.
Literature Review
There have been, in the past, instances of spectral and spectro-temporal analysis being applied to 
financial time series. One of the earliest examples is the work of Granger and Morgenstern (1962) who 
applied Fourier transforms to the New York stock price series and found that short-run movements of  
the series obeyed the random walk hypothesis proposed at an earlier time, but that long-run 
components had a greater importance than that suggested by this hypothesis. However, they also found 
that seasonal and “business-cycle” components had very little weight. Ramsey wrote extensively on 
wavelets and financial time series including their applications (Ramsey & Zhang 1994), their use to 
determine evidence of self-similarity or periodicity that may appear at different time scales (Ramsey et 
al. 1995), and the decomposition of time series into orthogonal time-scale components, specifically 
expenditure and income (Ramsey & Lampart 1998a), and money and income (Ramsey & Lampart
1998b). Ramsey et. al found that wavelet analysis didn’t show much evidence of scaling in the data, but 
that there was clear evidence of periodicity in the system, showing that financial data is not simply 
Brown noise.
While larger time scales have been studied in financial time series, the high frequency scale has not 
been analyzed before. The data was not easy to obtain when trades were slower and carried out by 
human beings placing orders on the trading floor. Furthermore, in the mid-to-late 1990’s the kind of 
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computer power required to carry out calculations on data sets with millions of observations was not 
available outside of sciences such as physics or meteorology, making this kind of analysis not feasible. 
Lastly, the question of high-frequency periodicity was also not of great interest until the advent of 
algorithmic and high-frequency trading.
Today markets trade at very large volumes, with hundreds of orders being placed and filled in a 
matter of seconds. As computers replaced human traders and trades happened faster and faster, 
questions have been asked on what the effects of automated trading are and whether this activity 
should be regulated or not. This thesis aims to bring ideas previously brought forth in a different context  
to one that reflects current market conditions and practices, as well as current regulatory policy 
concerns.
Data description and Model development
Overview
The data used in this work consists of 1 second resolution time series provided by Wharton Research 
Data Services (WRDS), covering trades of stocks traded on the NYSE and associated exchanges. The data 
comprises every second and fourth Monday of every month during the year of 2012. This was chosen to 
make the distribution of the data used within the year uniform and to span as much time as possible.  
The data provided includes the symbol of the stock, time and date of event, the price or trades, size of 
trades, a “G” Rule 127 and Stopped Stock Trade indicator, a correction indicator that indicates whether 
there were any corrections made to the data points, and a condition indicators which tells us what kind 
of trade each event is. The following are examples of data provided by WRDS.
The stocks chosen for analysis correspond to thirty stocks that comprise the Dow Jones Industrial 
Average since September 23rd, 2013, the date of the latest change in composition. The list of stocks 
chosen is as follows:
These companies were chosen for their size and large trading volumes, and for covering a variety of 
different industries such as banking and semiconductors. Their size attracts a large variety of investors, 
from individuals to financial institutions and ensures that the market is deep enough for frequent trades,  
which allows one to look for periodic components at higher frequencies than in a shallow market with 
rarely traded stocks. This is particularly true if high-frequency trading is involved, where the millisecond 
trading speeds made through computer algorithms can create an environment free of human choice.
Generally, intraday trading is seen in terms of a sequence of events over a span of time, or a time 
series. This is called the time domain and is where statistical analysis often takes place. However we can 
choose to look at intraday trading prices not just as a series of events, but as a signal, composed of 
waves of various frequencies, much like a radio transmission or a television signal. By converting a signal 
from events over time into frequencies, by the use of a mathematical transform, which in this case 
transform a function of time, , into a function of frequency, ; we go from the time domain to the 
frequency domain. For this analysis the transform chosen is the Fourier transform because it converts 
stock prices into their frequency domains very quickly and is commonly available in many statistical 




A common convention for defining the Fourier transform  of an integrable function f is the 
following(Tolstov 2012):
( 1 )
where  represents time in seconds and  represents the frequency in hertz. In the reverse,  can be 
determined by  by the use of the inverse transform (Fourier, 1822):
( 2 )
In this definition the Fourier transform is obviously something continuous, applied to continuous 
and integrable functions, which is not the case for a sequence of trade prices. For a discrete series of 
events we need to use the Discrete Fourier Transform (DFT), which takes a list of equally spaced samples 
of a function (such as trading prices) and turns it into a list of coefficients of a finite list of sinusoids 
ordered by frequency. So instead of having an integral, the DFT has a summation:
( 3 )
where we take a sequence of complex numbers  and transform it into an -periodic 
sequence of complex numbers , which represent the amplitude and phase of a 
sinusoidal component of  with a frequency of  cycles per sample. So as we progress down the list of 
 we can see how strongly each sinusoidal component participates in the whole. If a signal is simply 
noise then no frequency will be particularly more powerful than others and all will be somewhat weak. 
A signal with a strong periodic component will have spikes in amplitude in the frequencies 
corresponding to that periodic component.
For example, let’s look at two cases: a signal mixed with noise and pure noise. Knowing what we 
know we should expect that a signal that is mixed with noise results in a DFT where the signal 
components have high amplitude while the noisy components do not; whereas with the case of pure 
noise no component should have particularly strong amplitude. Let us go through this quick exercise.
1. Generating the signal.
Consider a signal comprised of sine waves with frequencies of 50Hz and 120Hz.
( 4 )
2. Generating the noise and combining it with the signal.
Introduce noise into the signal by adding a variable following a uniform distribution.
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( 5 )
3. Calculate the discrete Fourier transform.
We can now calculate the sequence of N complex numbers that describe this function in the 
time domain in terms of amplitudes and phases of sinusoids.
( 6 )
If we plot the complex numbers calculated above we can clearly see the peaks at 50Hz and 120Hz in 
the power spectral density graph for the signal mixed with noise, while in the case of simple noise there 
are no such peaks.In Figure 1 the two curves for random noise and the sum of random noise and a signal 
in the time domain are displayed, while Figure 2 displays those same curves in the frequency domain. 
Note the highlighted peaks in Figure 2, which correspond to the 50hz and 120hz sine waves that were 
mixed with the noise.
To determine if the peaks are statistically significant we can carry out hypothesis tests, such as a T-
test comparing the peaks to a standard like a null continuum, which can be data-based (such as white 
noise) or theoretically based (such as autoregressive process). In this example we could use the noise 
that was generated earlier as the standard(Meko 2013).
This example shows how the application of discrete Fourier transforms can reveal the periodic 
components in a signal. For the purpose of this thesis our signal is the prices corresponding to a 
sequence of trades. For each day and each stock chosen for this analysis, the price per share in each 
trade will be used as the noisy signal from which a Fourier series will be calculated, taking the place of 
 in equation (3), while  is the frequency in terms of cycles per sample, such as number of trades per 
trading day.
However, the raw data needs to be processed before it can be used in a way the returns meaningful 
results. The steps and details of the process are as follows:
Preparing the data
Before the dataset can be used a series of steps have to be taken to remove erroneous information 
and prepare the data points for the analysis that is to be carried out. When trades are recorded by the 
exchange there can be errors such as trade sizes of zero shares, zero prices, events recorded out of 
order and so forth which lead to erroneous points in the data set which have to be removed.
For the purposes of data quality the relevant rules and variables are the following:
• , the price of the sale must be a positive, nonzero number,
• , the size of transactions must be a positive, nonzero number,
• , the correction indicator can only take values corresponding to good trades (0 for 
regular trades, 1 for corrected trades or 2 for symbol correction),
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• , the variable denotes the condition of the sale and can take 
one different values depending on how the transaction happened. For example, a value of O 
indicates an opening trade reported later.
The only data points that will be included in the dataset are the ones following this set of rules(Yan
2007).
Once the data is clean it can then be imported into MATLAB for processing using an algorithm that 
reads each line in the dataset comprised of comma-separated values (.csv) and assigns each value to a 
vector corresponding to each variable(Sheppard 2013).
Re-timing simultaneous trades
As mentioned before, the resolution of the data available is 1s. This means that we know when each 
event happened down to the second, but no better, and, as a result, events that took place in the same 
second appear to be simultaneous although, in reality, they likely occurredseveral milliseconds apart. In 
order to correct this distortion in the data an algorithm checks trades to see which groups are 
happening simultaneously and then spreads them evenly over the space of 1 second (see annex for 
code), with the assumption that the order the events are displayed in in the dataset is indeed the order 
in which they happened. Once the events are retimed we have a sequence free of simultaneous events.
First-order interpolation of the data
Fourier transforms require all points in a sequence to be equally spaced in time, but this is not the 
case with a set of market stock trades, which can happen in close proximity or several seconds apart. 
Therefore it becomes necessary to interpolate the data in order to obtain an evenly timed sequence. 
Once that is carried out, it becomes possible to calculate the transform.
Calculating the discrete Fourier transform
Now that the data is clean and ready we can calculate the discrete Fourier transform which takes us 
from the time domain into the frequency domain. To do so, an algorithm called the fast Fourier 
transform (fft) is used. This algorithm is widely available in statistical packages such as MATLAB and has 
the advantage of returning results very quickly. For more details on MATLAB’s implementation of fast 
Fourier transform please check MATLAB’s help file for an explanation of the algorithm used.
The fft takes the retimed, interpolated prices and their corresponding times and returns a vector of 
complex numbers which correspond to the power of the signal at that frequency. The first number of  
the vector corresponds to a frequency of once per period of analysis (such as one day), the second one 
corresponds to twice per period; the third corresponds to thrice; and so on. The farther down that 
vector we go the higher the frequency we are looking at in terms of N times per period.
We can graph the fft to give us a look of how the market looks like in the frequency domain. For 
ease of visualization the power axis should always be on a logarithmic scale, though that is optional for 
the frequency axis.
Figure 3 shows the frequency domain of a day’s worth of trading of a given stock. In the top graph 
both the frequency and amplitude axis are in the form of a logarithm, whereas in the bottom graph only  
amplitude is logarithmic.
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Finally, the slope of the FFTs is calculated by fitting a curve to the provided data and using the slope 
of that curve. In this case we fit a degree 1 curve, so the values calculated are slope and intercept. This  
information is calculated for every day of trading and every stock (see tables inAppendix).
Analysis
Now that the slopes have been calculated we can perform some analysis on these results. First, the 
mean and standard deviation are calculated, followed by 95% confidence intervals. (seeAppendix and 
Results sections).Afterwards we need to create a null continuum to compare our data to. We can see 
that stock prices follow a Wiener process, also called Brownian motion, because prices are a random 
walk where each step is equal to the previous step plus a random offset. As such, the ideal null  
continuum for this purpose is a set of random walks. By generating several realizations of Brown noise 
we have a standard for randomness that we can use to see if any peaks in the ffts of the collected price 
data are significant or merely the result of randomness. This is done by generating 1024 realizations of 
Brown noise and calculating their fft. The reason for picking 1024 realizations is because the more data 
is generated, the more it approximates a normal distribution, as seen in the Central Limit Theorem.
It is common to consider N=30 enough for the Central Limit Theorem but a fast computer will have 
no trouble making additional simulations so it’s sensible to create a large number of realizations to 
improve the quality of the confidence bands. Those noise ffts are then re-sloped to match the slope and 
intercept of each stock/day combo individually so that they exist on the same terms as data. Once that is 
done, a 95% confidence band is calculated.Peaks in the data that come above the upper bound of that 
confidence band are likely to be signs of periodicity rather than accidental (Figure 4). However, care 
must be exercised with this interpretation. Frequently one finds a lot of peaks going above the upper 
bound of the confidence band towards the higher frequency side of the graphs and it can be tempting to 
ascribe meaning to the presence of those peaks, which is not necessarily correct. Those frequencies are 
so high that they essentially record that prices vary between transactions. In other words, there’s a 
change at every change which, although true, is not very informative. 
Empirical Results
A total of 50,123 significant peaks were counted in the sample, spread across all frequencies, dates and 
stocks. By date, the average number of significant peaks per day is 2,088.5 with a standard deviation of  
1313.1 peaks. The highest number of significant peaks was recorded on the 23 rd of July, 2012 at 7452 
peaks and the lowest number was recorded on the 11th of June, 2012 at 441 peaks. The 95% confidence 
interval for the amount of significant peaks per day is [1533.97, 2642.95]. The margin of error is 554.49.
23rd of July, 2012 is a particularly interesting day not just because it has the highest amount of significant 
peaks but because of how much higher they are than the rest, exceeding the upper limit of the 
confidence interval by a wide margin. A possible explanation for this is the drop in value the Dow Jones 
Industrial Average experienced that day, with the index declining by 0.82%, which was accompanied by 
very large losses in markets in Europe and Japan as a consequence of the European Sovereign Debt 
crisis, particularly a request on the part of the Spanish province of Valencia for financial aid. Indeed, the 
month of July was the worst month of 2012. As a result of a strong downward pressure in price, it’s  
possible that a feedback loop appeared where investors would sell shares because of the loss of value, 
causing further losses and further sales. As a result of this very repetitive behavior we can see a 
disproportionate amount of periodicity during that day.
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If we look at the peaks by stock we have an average of 1670.8 peaks per stock and a standard deviation 
of 1664.7 peaks. The 95% confidence interval is [1222.61, 2465.81].
The maximum number of peaks belongs to GE (General Electric Co.) with a count of 8021 and the 
minimum belongs to GS (Goldman Sachs) with a count of 257. A possible explanation for this is the 
difference in trading volumes, whereupon a stock that is traded more frequently is possibly more likely 
to show significant periodicity.
Lastly, we can look at the distribution of peaks by frequency.
The distribution of peaks by frequency shows a maximum of 124 peaks at frequency 1 per day and a 
minimum of 0 ranging over 1188 frequencies between 435 times per day and 11643 times per day. The 
standard deviation is 1782.26 with a mean of 3253.92 peaks. The 95% confidence interval is [3152.58, 
3355.27].
The shape of the distribution of the peaks is interesting in that we see that the number of peaks first 
declines, then rises. The count at a frequency of 1 is the highest, which is not surprising since it’s very 
easy to find a sinusoid that has to pass only through one point.  The count then declines, only to rise 
again towards the higher frequencies.
An interesting comparison can be drawn between these results and the work of Granger and Ramsey. 
Although the financial time series used by each are different, as are the time scales, the result has 
always been that the series don’t appear to be merely Brownian motion. Although the nature of 
periodicity is not always the same (for example, Granger’s conclusion that short run prices obey the 
random walk hypothesis, but in the long-run do not, with the caveat that seasonality and “business-
cycle” don’t have much power, versus this thesis that shows periodicity effects in intraday trading, 
particularly at higher frequencies), in some way or another periodic components keep making an 
appearance. So while results from different time series, or covering different timescales, cannot be 
directly compared, their commonalities are nevertheless interesting and highlight the flexibility of  
spectral analysis and the varied economic time series it can be applied to.
Conclusion
There is evidence of the presence of statistically significant periodicity in a range of intraday frequencies 
ranging from once a day to 11,699 times per day. Evidence of periodicity was found in every trading day 
and in every stock.Further avenues of study include carrying out this analysis with higher resolution data 
(millisecond instead of second resolution), determining how periodic components appear, what those 
components are and how they can be used to forecast immediate stock prices. In particular, millisecond 
resolution data can provide opportunities to develop techniques to optimize high-frequency trading 
algorithms, or to reduce arbitrage opportunities between exchanges.
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Appendix: Tables and Figures
Table 1- Sample of IBM trades from the 3rd of December, 2012.
SYMBO
L
DATE TIME PRICE SIZE G127 CORR COND EX
IBM 20121203 9:30:00 190.68 100 0 0 F T
IBM 20121203 9:30:00 190.69 100 0 0 F T
IBM 20121203 9:30:00 190.76 100 0 0 F J





CSCO Cisco Systems Inc
CVX Chevron Corp
DD E I du Pont de Nemours and Co
DIS Walt Disney Co
GE General Electric Co
GS Goldman Sachs Group Inc
HD Home Depot Inc
IBM International Business Machines Corp
INTC Intel Corp
JNJ Johnson & Johnson
JPM JPMorgan Chase and Co
KO The Coca-Cola Company
MCD McDonald’s Corp
MMM 3M Co




PG Procter & Gamble Co
T AT&T Inc
TRV Travelers Companies Inc
UNH UnitedHealth Group Inc
UTX United Technologies Corp
V Visa Inc
VZ Verizon Communications Inc
10
WMT Wal-Mart Stores Inc
XOM Exxon Mobil Corp
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Figure 1: Example of random noise and its addition to a sine wave.
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Figure 2: Frequency domain representation of random noise and its addition to a sine wave.
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Figure 3: Frequency domain of AXP trades on the January 9th, 2012.
Figure 4: Log-log frequency domain of AXP trades on July 23rd, 2012, and 95% confidence band.
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Figure 5: Count of significant FFT peaks by date.
Figure 6: Count of significant FFT peaks by stock.
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Figure 7: Log-scale count of significant peaks sorted by frequency.
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Annex: Calculated Slopes and Intercepts
Price FFT Slopes
Mean = -7.818383659
Standard Deviation = 0.710743296
95% confidence interval = [-7.870298869, -7.766468449]
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Code\Date '010912' '012312' '021312' '022712' '031212' '032612' '040912' '042312' '051412'
'AXP' -7.46034 -6.80983 -7.81969 -6.22532 -7.14885 -6.7619 -7.89833 -7.67698 -6.97209
'BA' -7.58931 -7.80808 -7.34374 -7.2335 -7.30615 -7.39726 -7.76492 -7.3836 -7.79309
'CAT' -7.22242 -7.69497 -7.17038 -7.35313 -7.20964 -7.80013 -7.78119 -7.24296 -7.44416
'CSCO' -8.19061 -7.84128 -8.54534 -7.99435 -8.66105 -7.79609 -8.88231 -7.83809 -7.63031
'CVX' -7.50875 -7.74775 -8.19634 -7.80318 -8.0325 -7.97066 -8.11366 -7.11172 -7.96158
'DD' -7.78822 -8.16286 -7.5711 -7.17766 -7.18847 -8.5811 -7.99003 -7.48223 -7.11942
'DIS' -7.66993 -7.8302 -9.68059 -7.86604 -8.23405 -7.50154 -8.25141 -8.00175 -7.73719
'GE' -8.36988 -8.12815 -9.51847 -9.75113 -8.85891 -8.9614 -8.92697 -8.79853 -7.67182
'GS' -6.8057 -7.10474 -6.67145 -6.7112 -7.38314 -7.64829 -7.01413 -7.13461 -7.12577
'HD' -7.94314 -7.16226 -7.04372 -7.15926 -6.80498 -8.25016 -7.05552 -7.80223 -7.50611
'IBM' -8.12181 -7.27132 -7.61475 -8.27244 -8.08008 -7.52489 -7.93718 -7.84704 -7.8633
'INTC' -7.80919 -7.18884 -8.49521 -7.2817 -8.66879 -7.93548 -8.4485 -8.47509 -7.61167
'JNJ' -7.93081 -8.61829 -8.89829 -8.65308 -8.02725 -8.80602 -8.61195 -8.45553 -9.63302
'JPM' -7.20465 -7.34972 -7.78184 -5.84656 -7.27217 -7.08234 -7.31844 -6.2708 -7.54238
'KO' -8.30149 -7.87801 -8.13222 -8.01352 -6.61698 -8.797 -9.20628 -8.0597 -9.38593
'MCD' -7.0016 -7.45513 -8.602 -8.2742 -8.36801 -7.68925 -7.12984 -7.79691 -7.43488
'MMM' -8.1663 -7.67091 -7.96535 -7.43024 -7.33438 -8.0001 -7.71841 -7.91978 -8.17985
'MRK' -8.28974 -7.83749 -8.44961 -8.16171 -7.19665 -7.18019 -8.55702 -8.74628 -6.97492
'MSFT' -7.53517 -7.57011 -8.60571 -8.4918 -8.66157 -7.21962 -9.09636 -7.85686 -8.50184
'NKE' -7.3502 -7.75774 -7.78732 -6.59028 -7.78042 -8.13573 -6.56 -7.32933 -7.28127
'PFE' -8.07771 -7.28 -8.92339 -6.74845 -8.23323 -8.18371 -8.58282 -8.82496 -7.99351
'PG' -8.01115 -7.27452 -9.0305 -7.89229 -6.74541 -8.41918 -8.2377 -8.10084 -8.4295
'T' -8.29997 -8.22801 -8.93701 -9.42 -7.99286 -9.0798 -8.67757 -8.09321 -8.43615
'TRV' -7.78403 -6.33099 -6.84531 -7.85101 -8.22209 -8.07538 -7.94216 -6.53833 -7.47439
'UNH' -7.63938 -8.37209 -7.455 -7.06042 -6.95664 -6.31722 -7.48742 -7.79637 -7.53886
'UTX' -7.45839 -7.53507 -7.60647 -7.4741 -7.74104 -7.05651 -8.16667 -7.44032 -7.68176
'V' -6.89042 -7.03869 -7.02017 -7.79184 -7.77353 -7.77481 -7.72677 -6.56392 -7.35513
'VZ' -8.30304 -7.08396 -7.80187 -9.11971 -8.07718 -7.86333 -9.01497 -9.11649 -8.56083
'WMT' -8.04085 -8.00828 -8.17338 -7.82143 -7.59409 -7.51401 -8.49228 -7.88562 -8.09429
'XOM' -8.28066 -8.27251 -9.13545 -8.12362 -6.82908 -6.99859 -8.37175 -6.4507 -8.897
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Code\Date '052912' '061112' '062512' '070912' '072312' '081312' '082712' '091012' '092412'
'AXP' -7.32338 -6.23119 -7.71013 -7.78969 -7.59073 -7.53447 -7.73197 -7.71737 -8.07375
'BA' -7.7141 -7.34834 -7.35631 -8.23079 -7.8307 -7.36388 -7.79349 -6.72298 -7.37096
'CAT' -8.92654 -5.47043 -7.172 -6.80283 -7.60165 -7.35039 -6.66779 -6.90027 -7.43436
'CSCO' -8.34952 -6.81927 -8.2186 -8.41701 -8.34712 -8.02114 -8.23508 -7.26112 -8.42961
'CVX' -7.57086 -6.31546 -7.66003 -7.3262 -9.03445 -7.85413 -7.85959 -8.56943 -7.74101
'DD' -7.70232 -5.68088 -7.30667 -6.25041 -6.70343 -7.72347 -7.09398 -7.89986 -6.98191
'DIS' -6.43641 -6.94387 -8.19431 -7.9346 -8.85153 -7.76176 -7.79745 -7.95272 -7.75389
'GE' -8.48256 -7.42538 -8.40335 -8.87905 -7.28246 -8.72031 -9.0399 -9.29526 -8.82463
'GS' -7.04645 -5.92407 -6.87243 -7.391 -7.9539 -7.0835 -7.54027 -6.98868 -7.2528
'HD' -7.32891 -6.34826 -7.43241 -7.76219 -7.9308 -8.02288 -8.72329 -7.98124 -7.9376
'IBM' -8.05248 -6.3048 -7.78771 -7.51278 -8.43738 -8.32374 -7.09 -7.10768 -7.95378
'INTC' -7.93702 -6.35433 -6.56099 -8.43246 -8.03742 -8.26111 -8.39844 -6.63006 -8.23514
'JNJ' -8.41995 -6.73136 -7.78906 -9.36285 -8.28744 -8.58007 -8.91695 -8.27309 -8.15372
'JPM' -7.46583 -5.57711 -7.72273 -7.97536 -7.25433 -7.61723 -7.90129 -7.06957 -6.68987
'KO' -7.32338 -7.08226 -7.74864 -8.52324 -7.98195 -8.46213 -8.00718 -7.8857 -8.01743
'MCD' -7.48911 -6.55296 -8.01116 -8.45929 -8.13337 -9.09377 -8.85304 -9.15462 -8.25592
'MMM' -7.52942 -6.71565 -7.3491 -7.83491 -7.23674 -8.07815 -8.18369 -6.80923 -7.20891
'MRK' -8.56101 -8.37081 -8.61476 -7.26818 -8.49406 -8.36868 -8.80105 -7.83387 -8.25433
'MSFT' -7.82243 -6.10444 -7.0085 -7.71223 -8.99172 -8.59709 -7.8691 -8.56863 -8.00538
'NKE' -6.75145 -6.38499 -6.95255 -6.75048 -7.60414 -6.66778 -7.38971 -6.90251 -7.66536
'PFE' -8.46648 -7.9339 -7.38461 -8.53239 -8.82392 -8.55192 -8.66294 -8.82874 -7.73801
'PG' -8.38133 -7.60707 -8.69973 -7.8626 -8.42852 -8.38329 -8.82486 -9.36591 -7.73069
'T' -8.61583 -8.53077 -8.69664 -10.2595 -8.12445 -8.8144 -8.38632 -8.22293 -7.83248
'TRV' -7.78248 -7.9417 -7.00072 -7.80694 -7.86369 -7.93696 -7.57252 -8.38458 -7.58935
'UNH' -8.34018 -6.85936 -6.62776 -7.11913 -8.02447 -8.15196 -7.00372 -6.73854 -7.52195
'UTX' -6.53871 -6.48385 -7.84807 -7.23229 -8.68644 -7.72032 -7.61641 -7.50789 -7.24258
'V' -7.57939 -7.0302 -7.95678 -7.33737 -8.54518 -7.54771 -8.21864 -8.23397 -8.22243
'VZ' -8.52394 -8.44038 -8.84862 -8.82525 -8.53238 -8.44853 -7.84441 -8.13287 -8.36455
'WMT' -8.31957 -6.97915 -6.75298 -7.55062 -7.54898 -8.53682 -7.497 -7.70462 -7.49938
'XOM' -7.99289 -6.4749 -7.34221 -7.19589 -8.51373 -8.16392 -8.32063 -8.98613 -7.70804
20
Code\Date '100812' '102212' '111212' '112612' '121012' '122412'
'AXP' -7.35502 -7.4613 -7.53605 -7.79112 -7.49135 -7.86999
'BA' -8.15647 -7.55311 -7.9139 -7.01732 -7.42143 -8.03166
'CAT' -7.39785 -6.05558 -7.7274 -8.12277 -7.97867 -8.28907
'CSCO' -8.92352 -8.09622 -8.47507 -6.48275 -6.50519 -7.90047
'CVX' -8.02213 -7.03589 -9.08726 -7.91763 -7.71059 -8.34606
'DD' -7.52032 -6.80331 -7.63806 -7.59313 -7.65724 -8.02342
'DIS' -8.28062 -7.91786 -7.91011 -7.83424 -8.60681 -7.09988
'GE' -9.02435 -7.62738 -8.03844 -8.50958 -9.15896 -8.85696
'GS' -7.27669 -7.65406 -7.27306 -7.28291 -7.51395 -7.4507
'HD' -6.65656 -7.76382 -7.39011 -7.9567 -6.56728 -7.53066
'IBM' -8.12681 -7.75852 -7.58831 -8.41156 -8.65298 -8.00672
'INTC' -8.77453 -8.0266 -8.55525 -7.53197 -8.65735 -8.48301
'JNJ' -8.53922 -8.29919 -8.87282 -8.57954 -8.07821 -8.04811
'JPM' -7.24286 -7.38211 -8.05794 -8.27726 -7.89156 -8.08505
'KO' -8.55934 -8.2311 -9.02491 -7.24122 -8.70794 -8.74657
'MCD' -7.81859 -7.60483 -8.16159 -8.0742 -8.04865 -7.92455
'MMM' -7.74163 -7.72619 -7.57767 -8.50802 -9.18832 -7.18224
'MRK' -8.08319 -8.01078 -7.65903 -9.19752 -9.46966 -8.29611
'MSFT' -7.98539 -6.29251 -6.71421 -8.21029 -7.3914 -8.28871
'NKE' -8.06519 -5.21528 -7.42706 -6.67726 -7.31301 -10.3989
'PFE' -8.78558 -8.18909 -8.15848 -8.58055 -8.6989 -8.88843
'PG' -7.89377 -8.60464 -8.30426 -8.19879 -8.69091 -7.82085
'T' -8.83327 -8.05957 -7.67158 -7.82133 -8.57321 -7.65802
'TRV' -7.66086 -7.21454 -6.99562 -7.6922 -8.0252 -7.01647
'UNH' -7.58927 -6.57833 -6.61346 -7.59175 -7.30867 -7.63087
'UTX' -7.58514 -7.46219 -6.83559 -7.16363 -8.07375 -8.36
'V' -7.13994 -7.63068 -7.3081 -8.32668 -8.01787 -7.37279
'VZ' -7.29025 -7.72009 -7.93827 -7.75883 -7.95364 -7.39896
'WMT' -8.41492 -7.43334 -7.85705 -7.52863 -8.54556 -8.5366
'XOM' -7.65077 -7.71667 -8.12553 -9.07715 -7.92295 -8.34657
Price FFT Intercepts
Mean = -0.816756349
Standard Deviation = 0.07928817
95% confidence interval = [-0.822547838, -0.81096486]
21
Code\Date '010912' '012312' '021312' '022712' '031212' '032612' '040912' '042312' '051412'
'AXP' -0.86003 -0.89535 -0.86005 -0.90543 -0.9082 -0.8931 -0.85121 -0.82962 -0.8938
'BA' -0.86557 -0.86775 -0.88354 -0.88406 -0.92211 -0.87877 -0.88332 -0.88031 -0.82746
'CAT' -0.86552 -0.84473 -0.88577 -0.86251 -0.85493 -0.84824 -0.80455 -0.85577 -0.8316
'CSCO' -0.73957 -0.7811 -0.69807 -0.7628 -0.69953 -0.79649 -0.65737 -0.7847 -0.6973
'CVX' -0.83366 -0.85054 -0.8079 -0.78421 -0.84783 -0.8195 -0.80774 -0.87102 -0.80874
'DD' -0.83482 -0.79979 -0.83647 -0.90733 -0.9201 -0.73037 -0.81281 -0.86668 -0.90707
'DIS' -0.84303 -0.82716 -0.56843 -0.82924 -0.77883 -0.83375 -0.7968 -0.78213 -0.83221
'GE' -0.70738 -0.73247 -0.59217 -0.51341 -0.6758 -0.66495 -0.65032 -0.66541 -0.76694
'GS' -0.88419 -0.8618 -0.91732 -0.88837 -0.86024 -0.82395 -0.88985 -0.83462 -0.85252
'HD' -0.81877 -0.85321 -0.90412 -0.90218 -0.92871 -0.78095 -0.86406 -0.83981 -0.84467
'IBM' -0.80603 -0.86264 -0.89649 -0.76519 -0.84856 -0.88617 -0.81721 -0.83516 -0.8384
'INTC' -0.80481 -0.83141 -0.7346 -0.8247 -0.71806 -0.80157 -0.74458 -0.71382 -0.78689
'JNJ' -0.83821 -0.77652 -0.75571 -0.75167 -0.81005 -0.76392 -0.79707 -0.80091 -0.63283
'JPM' -0.86559 -0.82616 -0.81728 -0.93969 -0.86003 -0.85642 -0.79076 -0.90429 -0.78353
'KO' -0.84468 -0.83735 -0.87905 -0.87107 -0.9671 -0.81398 -0.72615 -0.85281 -0.62099
'MCD' -0.88393 -0.86887 -0.83974 -0.81898 -0.83058 -0.8468 -0.8792 -0.83891 -0.88193
'MMM' -0.79904 -0.89281 -0.85995 -0.87649 -0.92969 -0.87069 -0.87276 -0.80745 -0.77504
'MRK' -0.78786 -0.83003 -0.77804 -0.79539 -0.88104 -0.87065 -0.74501 -0.7167 -0.90365
'MSFT' -0.8111 -0.81837 -0.73072 -0.72881 -0.72676 -0.85844 -0.63648 -0.79029 -0.6862
'NKE' -0.89893 -0.86508 -0.81629 -0.93756 -0.84079 -0.76719 -0.91214 -0.9061 -0.90037
'PFE' -0.72755 -0.83663 -0.67465 -0.83856 -0.75105 -0.74115 -0.71574 -0.68836 -0.77117
'PG' -0.85099 -0.84449 -0.74395 -0.85026 -0.90684 -0.83506 -0.83174 -0.83452 -0.78687
'T' -0.76416 -0.78038 -0.70291 -0.6605 -0.79366 -0.65876 -0.73006 -0.77559 -0.74177
'TRV' -0.8799 -0.91456 -0.89763 -0.84099 -0.84904 -0.84018 -0.86415 -0.90382 -0.88188
'UNH' -0.85637 -0.68831 -0.87489 -0.90016 -0.881 -0.90812 -0.87052 -0.86547 -0.84671
'UTX' -0.88688 -0.89158 -0.85607 -0.91318 -0.87434 -0.90161 -0.77308 -0.8881 -0.8252
'V' -0.88198 -0.88878 -0.85898 -0.84261 -0.86774 -0.83512 -0.85778 -0.88519 -0.87136
'VZ' -0.79147 -0.86547 -0.81696 -0.70745 -0.80158 -0.83272 -0.70749 -0.66608 -0.7502
'WMT' -0.84809 -0.86009 -0.8471 -0.87712 -0.85273 -0.90787 -0.79563 -0.76257 -0.8216
'XOM' -0.7903 -0.81409 -0.70156 -0.82627 -0.90417 -0.90824 -0.79427 -0.94711 -0.69181
22
Code\Date '052912' '061112' '062512' '070912' '072312' '081312' '082712' '091012' '092412'
'AXP' -0.87534 -0.90273 -0.85695 -0.86744 -0.71953 -0.86018 -0.86949 -0.84967 -0.81678
'BA' -0.82861 -0.86429 -0.8538 -0.74111 -0.70264 -0.88902 -0.84599 -0.87696 -0.87715
'CAT' -0.53048 -0.91544 -0.81482 -0.90798 -0.6172 -0.88616 -0.91926 -0.91527 -0.85355
'CSCO' -0.71209 -0.8292 -0.72669 -0.71465 -0.68565 -0.73666 -0.72479 -0.81618 -0.70347
'CVX' -0.85479 -0.90317 -0.8515 -0.88482 -0.58585 -0.88191 -0.86467 -0.79557 -0.88804
'DD' -0.81387 -0.95115 -0.90901 -0.88863 -0.7802 -0.83139 -0.89085 -0.8622 -0.87368
'DIS' -0.91279 -0.88496 -0.74129 -0.86322 -0.64567 -0.86342 -0.86646 -0.85548 -0.86833
'GE' -0.7051 -0.79831 -0.68938 -0.67489 -0.69346 -0.70006 -0.66899 -0.64186 -0.69177
'GS' -0.85474 -0.8911 -0.88776 -0.87234 -0.7228 -0.90232 -0.86173 -0.89865 -0.89847
'HD' -0.8756 -0.88716 -0.87509 -0.85585 -0.61033 -0.80829 -0.71053 -0.8585 -0.84345
'IBM' -0.79625 -0.91388 -0.85199 -0.87588 -0.64726 -0.82236 -0.89016 -0.91668 -0.86186
'INTC' -0.76699 -0.89922 -0.8667 -0.72002 -0.67728 -0.76055 -0.73378 -0.82567 -0.72372
'JNJ' -0.7715 -0.91138 -0.87515 -0.70203 -0.79433 -0.80363 -0.76631 -0.83866 -0.85779
'JPM' -0.80815 -0.9052 -0.7745 -0.77258 -0.67699 -0.83224 -0.81016 -0.87625 -0.89716
'KO' -0.87534 -0.85792 -0.88124 -0.80532 -0.81656 -0.77778 -0.78019 -0.79955 -0.76625
'MCD' -0.88445 -0.84931 -0.83447 -0.80252 -0.67786 -0.68077 -0.7468 -0.73469 -0.814
'MMM' -0.88904 -0.89384 -0.92567 -0.86855 -0.80878 -0.85992 -0.83382 -0.87433 -0.88058
'MRK' -0.74017 -0.77026 -0.73886 -0.86981 -0.71027 -0.78789 -0.72757 -0.83039 -0.79929
'MSFT' -0.78284 -0.89323 -0.85394 -0.81725 -0.56165 -0.73798 -0.79307 -0.72502 -0.77723
'NKE' -0.90404 -0.92376 -0.88577 -0.92368 -0.73777 -0.90264 -0.91217 -0.94168 -0.81332
'PFE' -0.7266 -0.77335 -0.77291 -0.7232 -0.60766 -0.7317 -0.73098 -0.71684 -0.78031
'PG' -0.78788 -0.85123 -0.72041 -0.82813 -0.77917 -0.81083 -0.76961 -0.70192 -0.87644
'T' -0.74958 -0.75205 -0.74206 -0.47684 -0.68423 -0.73595 -0.7874 -0.80505 -0.81616
'TRV' -0.87061 -0.71036 -0.89508 -0.88229 -0.78722 -0.85909 -0.90612 -0.78581 -0.90913
'UNH' -0.71727 -0.88697 -0.90221 -0.89653 -0.74615 -0.77724 -0.91137 -0.84555 -0.8712
'UTX' -0.90086 -0.88424 -0.777 -0.90211 -0.65615 -0.8543 -0.87264 -0.856 -0.87861
'V' -0.84912 -0.89895 -0.72854 -0.86329 -0.66947 -0.89547 -0.79016 -0.80231 -0.80113
'VZ' -0.77027 -0.77207 -0.71262 -0.71835 -0.69984 -0.77332 -0.81438 -0.78701 -0.78287
'WMT' -0.78706 -0.88593 -0.88285 -0.88222 -0.87335 -0.81989 -0.91781 -0.87774 -0.88271
'XOM' -0.78669 -0.91485 -0.88408 -0.88262 -0.72209 -0.85947 -0.8334 -0.74631 -0.86898
23
Code\Date '100812' '102212' '111212' '112612' '121012' '122412'
'AXP' -0.90104 -0.87409 -0.8529 -0.78287 -0.91247 -0.8979
'BA' -0.81767 -0.88639 -0.81171 -0.8874 -0.81876 -0.82602
'CAT' -0.87296 -0.90066 -0.80392 -0.76659 -0.81448 -0.82536
'CSCO' -0.628 -0.74997 -0.69597 -0.91048 -0.86549 -0.80747
'CVX' -0.86037 -0.91889 -0.67149 -0.86018 -0.89106 -0.76896
'DD' -0.90841 -0.90797 -0.82669 -0.84219 -0.87428 -0.81867
'DIS' -0.78845 -0.84603 -0.80034 -0.86171 -0.77484 -0.87692
'GE' -0.68023 -0.78553 -0.76113 -0.69842 -0.65318 -0.66595
'GS' -0.87086 -0.80955 -0.89675 -0.82766 -0.8625 -0.87803
'HD' -0.8885 -0.84336 -0.89252 -0.82677 -0.88236 -0.85479
'IBM' -0.84675 -0.83677 -0.86601 -0.7818 -0.77772 -0.86938
'INTC' -0.68431 -0.76032 -0.70274 -0.80116 -0.69642 -0.72612
'JNJ' -0.81591 -0.81144 -0.70986 -0.75146 -0.81012 -0.85001
'JPM' -0.86923 -0.84267 -0.75767 -0.74871 -0.80865 -0.8265
'KO' -0.77481 -0.79307 -0.662 -0.88484 -0.75311 -0.76802
'MCD' -0.86709 -0.86927 -0.84964 -0.83871 -0.76739 -0.89308
'MMM' -0.8337 -0.85214 -0.88155 -0.76837 -0.65146 -0.93362
'MRK' -0.81159 -0.7785 -0.80113 -0.66138 -0.66174 -0.78144
'MSFT' -0.8038 -0.88259 -0.83912 -0.75204 -0.81115 -0.74918
'NKE' -0.83217 -1.10338 -0.92201 -0.85868 -0.89028 -0.31458
'PFE' -0.71818 -0.77578 -0.7708 -0.72463 -0.71694 -0.68029
'PG' -0.85465 -0.7899 -0.8236 -0.807 -0.7913 -0.90104
'T' -0.72734 -0.80042 -0.83749 -0.82955 -0.74325 -0.81258
'TRV' -0.90235 -0.87906 -0.87836 -0.87405 -0.86584 -1.00708
'UNH' -0.82829 -0.89324 -0.89452 -0.81551 -0.91269 -0.86484
'UTX' -0.90818 -0.85989 -0.92153 -0.87103 -0.85199 -0.8101
'V' -0.96984 -0.81182 -0.87559 -0.77968 -0.86979 -0.92467
'VZ' -0.87674 -0.81829 -0.81318 -0.84587 -0.75558 -0.87826
'WMT' -0.81458 -0.92982 -0.85347 -0.86561 -0.77429 -0.83472
'XOM' -0.89112 -0.85929 -0.82282 -0.69229 -0.87725 -0.81016
